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Example: many-body Hamiltonian (/d gapless spin-1/2 Heisenberg-model )

H(Ny,By) = Sy Spy1 +Ny(—1)"SY + BySY + £55% + £45Y

conditional parameter hidden parameter

Ny: local alternating Neel magnetic field

Bx: uniform Zeeman field



Example: many-body Hamiltonian (/d gapless spin-1/2 Heisenberg-model )
H(N,, B,) = E Sn - Spp1 + N, (—1)"SY 4+ B,SY + &85 + E2SY
conditional parameter hidden parameter

Ny: local alternating Neel magnetic field

Bx: uniform Zeeman field

X(w) = (GS|Ad(w — H(a, 8) + E) B|GS) ®

dynamical correlator

— exact solvable with tensor-network calculations




Question: What 1f we are interested 1n the full parameter space
of this Hamiltonian?




Question: What 1f we are interested 1n the full parameter space
of this Hamiltonian?

r H
Answer 1:

Exact
* compute each parameter combination Calculation

— 1nefficient and numerically demanding
for most many-body systems

— neglects hidden parameters in Hamiltonian




Question: What 1f we are interested 1n the full parameter space
of this Hamiltonian?

Answer 2:
* using deep generative learning methods

— train the algorithm on a subset of
parameter combinations

— ¢GANSs incorporate the hidden
parameters with intrinsic randomness
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Exact
Calculation
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dynamical correlator




Background: Kernel Polynomial Method & Tensor Networks

— expansion in terms of Chebyshev
Polynomials T’ n(x)

f(zr) =ap+ QZanTn(x)

4

Chebyshev moments

(), |B) : state of the system
H : Hamiltonian

A. Weifse, et al., Rev. Mod. Physik 78.1 (2006): 275

* Quantum states as a collection of tensors
interconnected by contraction

tensor guantum state

—0- — — )

* TNs for 1D systems in condensed matter
are the so-called matrix product states

(a) (b)

Roman Orus, 4 practical introduction to tensor networks: Matrix product states and
projected entangled pair states. Annals of Physics, 349:117-158, October 2014.




conditional Generative Adversarial Networks: architecture

“fake” images

value function: m(%n max V(D,G) = Eqnpp(e) l0g D(x|y)] + Eznp, (2)llog(1 — D(G(z|y)))]

— two-player min-max game



GAN: training and evaluation

A S=1/2 model A S=1 model
0.2 0.2
B, &
Similarity measure of two images:
N X structural similarity index measure
0 /‘[/’Y 0.2 -0.2 AJ 0.2 (SSIM)
4  Hubbard model
0.5 “
training parameter space =
: validation parameter space
0 >
0.5 1



GAN as many-body simulator: the generator

Generator

“fake” images



Many-body systems (1d)

S=1/2-model

H=Y 8, Snt1+E55% +£USY

+ N, (-1)"Ss + B, SY

conditional parameter:

Ny: local alternating Neel
magnetic field

Bx: uniform Zeeman field

e gapless many-body Hamiltonian

S=1-model

H=) [1+(-1)"A;+£&]Sn - Snp1

n

+ [J2 + 52] Sn : Sn—|—2

conditional parameter:
A, : variation in first neighbor

Interaction

J, : second neighbor interaction

* interacting spin-1 system
with topological order

Hubbard model
H = tz CL,anH,s
+ U (ot = 1/2)(pns — 1/2
+ u Z CL,UCn,U + Z +£(-1)"SY

conditional parameter:
U. Hubbard interaction

l: chemical potential

* interacting fermionic system



Predictions: Many-body systems (validation set)

Hubbard SSIM = 0.993
model
A,=-0.157
J,=-0.14J
- SSIM = 0.990
SSIM = 0.991




GAN: SSIM parameterspace

(a)
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0.96

Hubbard , -

X

model

0.94

0.90

SSIM 1n interval [0,1]

100

left: trained on full parameterspace

0.96

right: train-validation split

homogeneous fluctuations due to
intrinsic randomnes of cGAN

092




GAN as many-body assessor: the discriminator

“fake” images



Question: Can you guess the Hamiltonian?

spin-1 Heisenberg-model




Question: Can you guess the Hamiltonian?

spin-1 Heisenberg-model
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GAN as many-body assessor: Hamiltonian estimation

Hubbard U=09t
p=0.1t

0.5

= 0.25

02 =01 0 0.1 02
A

J




Take home message

Generative deep learning models can be a powerful tool for the simulation and

analysis of many-body systems

|

Exact
Calculation

arXiv:2201.12127



EXTRA SLIDES



Single-particle case: tight-binding systems

“fake”
tight-binding Hamiltonian n=201 | n=201
- m=0.01¢ - m=0.0¢
H{p,m) = Z tnmchm + Z vnchn
(n,m) n

+ Z pet e, +mp(=1)"cl e,
n

conditional parameter: u, m
randomness: v

local density of states

Alw,n) = (n|o(H —w)|n)




(1) gapless many-body spin-1/2-model (1d)

“fake” real

H(Ny,Bs) =) Sn-Spi1 +E25% + £4SY
"+ Ny(—1)"SZ + B, SY

conditional parameter:

Ny: local alternating Neel magnetic field

Bx: uniform Zeeman field

dynamical spin correlator

S(w,n) = (GS|S?6(H — w + Eqs)S?|GS)




(2) Interacting spin-1 system with topological order

conditional parameter: A , J,

full dynamical spin correlator

S(w,n) =Y (GS|SF6(H —w+ Egs)S|GS)

«

“fake” real

e
J;=0.125J

(€) 2/ ;AN A,=0.03J O 2pn

7=0197 K



(3) 1d Hubbard model (interacting fermionic system)

“fake” real

H (U, i) —tz Cnscn+1s+z+f 1)nSY
—I_ZU pnT_l/z)(pnl_1/2 +Nzcno‘

conditional parameter: U, pn

dynamical spin correlator

S(w,n) = (GS|SZ6(H — w + Eqs)S?|GS)




GAN as many-body assessor: outlier detection

 faulty nonphysical dynamical spectra for
each many-body system

— emulated by insufficient bond
dimension of tensor-network calculations

* cGAN: distinguishes between physical and
numerical noise / artifacts




